8 Velocity deviation log (VDL) is a synthetic log used to determine pore types in reservoir rocks 9 based on a combination of the sonic log with neutron-density logs. The current study proposes a 10 two steps approach to create a map of porosity and pore type by integrating the results of 11 petrographic studies, well logs and seismic data. In the first step, velocity deviation log was created 12 from the combination of the sonic log with the neutron-density log. The results allowed identifying results of petrographic studies were used to validate the main pore type derived from velocity 18 deviation log. In the next step, velocity deviation log was estimated from seismic data by using a 19 probabilistic neural network model. For this purpose, the inverted acoustic impedance along with 20 the amplitude based seismic attributes were formulated to VDL. 
2007, Kadkhodaie-Ilkhchi et al., 2009 , Dezfoolian et al., 2013 , Yarmohammadi, et al., 2014 1 Nouri-Taleghani et al., 2015; Nourafkan and Kadkhodaie-Ilkhchi, 2015; Kosari et al., 2015 , 2 Golsanami et al., 2015 . Through inversion of amplitude based seismic data to acoustic impedance, 3 many geological and petrophysical interpretations can be made. Acoustic impedance is highly 4 under the influence of density and sonic compressional velocity, that both related to rocks 5 properties.
6
The Hendijan oilfield ( Fig. 1) is located 55 kilometers west of Bahregan District, Persian Gulf.
7
The Oligo-Miocene Asmari Formation is currently the main reservoir unit of the Hendijan oilfield.
8
The mixed carbonate and siliciclastic interval of Asmari Formation is characterized by a 9 transgressive-regressive cycle formed under shallow marine and marine marginal/lagoonal waters 10 in an overall regressive environment. The carbonate interval represents a westward extension of 11 the productive Asmari Formation and the Ghar sandstone corresponds to the Ahwaz Member 12 deposited in an onshore environment.
13
The current study reaps the benefits of both core and log data to generate a most reliable pore type 14 log for the Asmari Formation at three wells of the studied field. Afterward, seismic data are 15 inverted to acoustic impedance and then correlation models are established between inversion 16 results and the most relevant seismic attributes by using probabilistic neural networks to generate 17 a section of porosity and pore types.
18
It is worth mentioning that the neural network model for rock properties estimation is not a novel 19 topic and is mainly based on other researcher's work but it could be claimed that the current study 20 is the first report of pore types determination from seismic data. The methodology is 21 straightforward, robust and easy to implement. 
Methodology 1
The current study proposes a two steps approach to create a map of porosity and pore types by 2 integration of petrographic studies results, well logs and seismic data in the Asmari reservoir. In 3 the first step, velocity deviation log is created from a combination of sonic log, neutron and density 4 logs. Then, the results of velocity deviation log are validated by using petrographic studies results.
5
In the next step, velocity deviation log is estimated from seismic data by using a probabilistic 6 neural network model. For this purpose, intelligent formulations are made between inversion result 7 (acoustic impedance) and the amplitude based seismic attributes.
8
Laboratory measurement on more than 300 samples reveals that sonic velocity in rocks in addition 9 to porosity volume, highly depends on porosity types (Anselmetti and Eberli 1999) . Actually, there 10 is a negative correlation between porosity values and velocity. Frame-forming porosities (such as 11 moldic or intra-fossil porosity), result in significantly higher velocity values at equal total 12 porosities than porosities which are not embedded in a rigid rock frame, such as interparticle 13 porosity or microporosity.
14 As defined by Anselmetti and Eberli (1999) , velocity deviation log is defined as the difference 15 between real and synthetic sonic velocity of rocks (Eq. 1). 
10
To calculate porosity, Eq. (4) can be rearranged as below.
As is seen, the aim of Eq. (5) is to determine unknown porosity from the known parameters of 13 sonic transit time measured by logging tool, fluid and matrix transit times.
14 Assuming that porosity is already determined from neutron or density log, Eq. (5) can be solved 15 to find X or synthetic sonic wave travel time as follows. To calculate X, Eq. (6) can be rearranged as below.
The value derived from solving Eq. (1) is called velocity deviation and can either be a positive or 3 a negative value. The magnitude of the velocity deviation positively or negatively is directly 4 related to the pore types and their distribution in a reservoir rock.
5
Inversion of seismic data is a common method for estimating subsurface layers acoustic impedance 6 from gathered seismic data. Using acoustic impedance could provide a meticulous geological 7 interpretation in detail and prevent geoscientist from misleading about subsurface. Most petroleum 8 companies use seismic inversion to reduce uncertainty in subsurface studies and to improve the 9 estimation of reservoir rock properties such as porosity and lithology because of its performance 10 and usefulness (Pramanik et al., 2002; Gavotti et al., 2012) .
11
Probabilistic neural network (Wang et al., 2015) In the first step, it was necessary to check well logs quality and make sure about their correctness.
20
Well logs were checked for problems related to washouts, depth shifting, log tails, abnormal 21 logging ranges and spikes. Afterwards, velocity deviation log was calculated throughout the Asmari formation by using equations 1 through 7 from neutron, density and sonic log (Fig. 2) . In order to validate pore types derived from VDL, the result of petrographic studies were between the pore types recommended by VDL log and those derived through thin-section studies.
10
The main pore types identified within each microfacies are closely connected to their 11 corresponding velocity deviation values. In the light of acceptable results of pore typing from a 12 combination of log and core data, the velocity deviation logs were subjected to further study in a
13
2D profile based on seismic data. neighboring CDP away from the well was used in the averaging process. As an example, the 10 synthetic seismogram for well HD-03 is illustrated in Fig. 4b . As shown the correlation between 11 the synthetic seismogram in the blue and composite trace in red at the mentioned well location is 12 0.755. 
Inverting seismic data to acoustic impedance

14
In this study, the main motivation to do seismic inversion is to provide an appropriate input for 15 pore type determination from a set of pre-defined seismic attributed.
16
The inversion process stated in this manuscript is the algorithm by which we analyze stacked following.
Where T(i): seismic trace, r(j): zero-offset reflectivity of the earth expressed as a time series where I(j) is acoustic impedance derived from multiplying density and velocity.
8
The acoustic impedance derived from seismic data has a strong relationship with porosity from show structural and stratigraphic constrains to the model.
15
After performing well to seismic tie and creating appropriate synthetic seismograms, an seismic inversion results and, thus, subsequent assessments of the reservoir quality.
22
Eq. (9) In this study, amplitude and phase spectra of wavelet were estimated statistically from a 1 combination of seismic data and well controls for which sonic and density curves were available.
2
The extracted wavelet was applied to estimate reflection coefficients. When the estimated constant 3 phase of the wavelet is in good agreement with the final result, the wavelet estimation converges 4 more quickly than the case of using a zero phase assumption. Errors in well to seismic tie can cause 5 frequency or phase artifacts in the wavelet extraction process. The identified wavelet is used to 6 create a synthetic reflection coefficient for every seismic trace. Finally, the estimated reflection 
Seismic attributes extraction 14
Acoustic impedance is an important attribute derived from seismic inversion. However, using the 15 acoustic impedance alone does not seem to be a perfect way to predict reservoir pore type. The 16 primary goal of seismic survey is to map the subsurface features and structures, properly.
17
Assuming that the amplitudes of seismic traces are correctly obtained, a set of amplitude-based quantities which extracted from raw seismic data and can be very useful for estimating reservoir rock properties. They were used to find the appropriate predictors besides inversion result in the 1 neural network structure to generate velocity deviation sections. which was proposed by Hampson et al. (2001) , improved the efficiency of the well to seismic 21 mapping procedure. As is seen in Fig. 8 , running the models for porosity estimation with operator 22 length = 5 proposes eight input predictor attributes including acoustic impedance, integrated absolute amplitude, quadrature trace, instantaneous phase, amplitude weighted cosine phase, 1 apparent polarity, filter 50/10-15/20 and amplitude envelope.
2
For the case of sonic transit time the nine optimal inputs (Fig. 9) phasing.
18
A cross-validation method was used to prevent over-training problem and to measure the reliability 
Results and discussion
11
The results of seismic derived porosity and sonic transit time are shown in Figs. 13 and 14.
12
Through performing a sequence of calculations by using equations 1 through 7 in MATLAB
13
programming environment a section of velocity deviation was achieved (Fig. 15) . Such a section 14 is very useful in the interpretation of pore types distribution and changes in inter-well spaces.
15
Seismic velocity deviation section can be used for pore typing. There is a good agreement between velocity deviation values as follows.
20
Zones with positive deviations (VDL> +500 m/s), the estimated velocity is less than the sonic 21 velocity which is in relation to the presence of isolated pores such and vuggy or moldic porosities. neutron-density logs is more than the real velocity derived from the sonic log. Such a case happens 12 in fractured rocks, gas bearing zones or rocks containing interconnected and connected pores for 13 which a higher sonic travel time (lower velocity) is recorded. Accordingly, porosity derived from 14 the sonic log is higher than neutron or density logs in negative velocity deviation zones. Negative 15 deviation zones appear in dark blue to purple colors in Fig. 15 .
16
Looking at the 2D porosity section the first thing draws attention is fairly low porosity distribution 17 over the Asmari reservoir, but on the other hand when the reservoir production is reviewed, it is 18 reported as a prolific reservoir (according to wells report, production rate of the studied zone is Asmari Formation in the studied field is characterized by a frequency of low porosities and its high 10 productivity is related to occurring of natural fractures.
11
It is expected to use the methodology described in this study for pore typing in other carbonate Cross correlation between acoustic impedance calculated from seismic data and boreholes porosity. As is seen, acoustic impedance increases as porosity decreases. An inverse relationship with total correlation of -0.65 for three wells HD-01, HD-03 and HD-05 is achieved.
Fig. 7.
Cross plot showing the correlation between acoustic impedance calculated from seismic data and sonic travel time at boreholes. As is seen, acoustic impedance increases as sonic transit time (P-wave) decreases. The relationship is inverse with a total correlation of -0.70 is three wells studied. Fig. 13 . A 2D porosity section generated from eight seismic attributes by using PNN, Asmari reservoir. Generally, Asmari formation in the studied field is a low porosity reservoir and its high production rate is attributed to development of natural fractures. Changing colors from red to purple indicate reduction of porosities. In other words, the purple colored areas show the lowest porosities (0-0.12), and the red colored areas are associated with the high porosity zones (≥0.3), and the areas with light blue color are between them (0.2). . Generated seismic velocity deviation section from total porosity and sonic transit time sections. Changing colors from red to purple shows reduction of velocity deviation from positive to negative amount. Red, yellow, and green coloured areas refer to isolated porosities without fractures (positive deviation). Blue and light blue zones refer to areas with almost nil velocity deviation indicating intergranular or microporosities. Connected and fractured zones are shown by dark blue and purple, the darker the color, the more fractured (negative deviations).
Equations (16) and (17) describe the application of the PNN network. The training of the network consists of determining the optimal set of smoothing parameters, j  . The criterion for determining these parameters is that the resulting network should have the lowest validation error.
Validation result for the m th target sample would be as This is the predicted value of the m th target sample when that sample is left out of the training data. Since we know the value of this sample, we can calculate the prediction error for that sample. Repeating this process for each of the training samples, we can define the total prediction error for the training data as Note that the prediction error depends on the choice of the parameters j  . This quantity is minimized using a nonlinear conjugate gradient algorithm described in Masters, (1995) . The resulting network has the property that the validation error is minimized. 
